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. Research Objectives

* Increasing need for demand—side flexibility given higher shares of renewable energy
* High potential of residential sector flexibility

« bb5% of electricity, transport and heat energy in the UK

* 50% share of peak with higher marginal value

* |Increasing resource ownership but so far excluded from demand side response

Can we coordinate residential energy flexibility at scale?




. Challenges for the coordination o
‘esidential enerqgy flexibility

1. Costs
2. Acceptability & privacy

3. Computational feasibility

Can we coordinate residential energy flexibility in a privacy-preserving, cost-effective,

scalable way for agents under partial observability in stochastic environments?




[l. The landscape of distributed
energy resources coordination

Taxonomy of distributed resources coordination

,//”//////\\\\\\\\\\

1. Are coordinated units

operated Direct control Indirect

independently? control

2. How is individual Mediated Bilateral Implicit
information shared? coordination coordination coordination

3. Do units compete or Mediated Mediated Bilateral Bilateral Implicit Implicit
cooperate? competition cooperation competition cooperation competition cooperation

Charbonnier F, Morstyn T, Mcculloch MD. Coordination of resources at the edge of the electricity grid : Systematic review and taxonomy. Appl
Energy 2022;318:119188. https://doi.org/10.1016/j.apenergy.2022.119188.
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V. Reinforcement learning
methodology

Reinforcement learning Q-learning
» Disaggregate global coordination problem into local
decisions by each agent at each time step

« AQ-table stores state-actions values representing
the expected value of all future rewards

 Artificial intelligence framework

« Agentinteracts with the environment to learn the
set of actions in each state to maximise rewards

Markovian decision process -
P Q(s,a) = E™[ry + yrip1 + ¥2Tiq2...|5: = 5,a; = a]

~ Agent  — Qs,a) « Q(s,0) + a (1 + AV (s"*) = Q(s,a)
Reward rt V(s) = mff}f )Q(S’a*)
ax € S
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V. Reinforcement learning
methodology
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Unify decision variables in a unique action
dimension W to mitigate curse of dimensionality 1
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Appl Energy 2022;314:118825. https://doi.org/10.1016/j.apenergy.2022.118825.




V. Reinforcement learn
methodology

g

Variations of the learning method Reward definitions
Update rule: Q(st, al) «+ Q(st,al) + o 1.  Total reward
§=16+V(si) — Q°(st, af)
Multi-agent learning structures 2. Marginal reward
1. Distributed learning d =170~ T80
2. Centralised learning 0 =d+ V(s — QM (s, af)
3. Advantage reward
Experience sources § = (Q°(st,al) — QV(sh, icdetaur)) — Q" (st, al)
1. Environment explorations 4 Count
2. Omniscient convex optimisations ad = 1
Charbonnier F, Morstyn T, Mcculloch MD. Scalable multi-agent reinforcement learning for distributed control of residential energy flexibility. 7

Appl Energy 2022;314:118825. https://doi.org/10.1016/j.apenergy.2022.118825.
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V

. Results
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VII. Next step: scalable MAR

Remaining limitations to scalability due to optimisation and baselining during
training
* Pre-learningis not time-critical and this is not a problem during implementation

« But can we find less computationally intensive equilibrium mechanisms during
training?




VII. Next step: scalable MAR

Q>

Independent Q-learning

Q1 Q3 The simplest option: No centralised action-value function, learn individual
action-value function Q, individually

Factored value estimator

Value-based methods in between the two extremes, learn a centralised but
Q1 Q3 Us factored Qy¢

Qtot

Centralised value estimator
Actor-critic methods with a fully centralised state-action value function Q¢
used to guide the optimisation of decentralised policies
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Conclusion

Developed a cost-effective, scalable methodology suited to residential energy
flexibility coordination, overcoming three main hurdles for their integration:

1. Costs — minimal communication infrastructure

2. Acceptability — no trade-offs in prosumers comfort, no sharing of
personal data

3. Computations — statistical approach, scalable local decision-making

11




Juestions g IS

Flora Charbonnier

Energy and Power Group
Department of Engineering Science
flora.charbonnier@pmb.ox.ac.uk



mailto:flora.charbonnier@pmb.ox.ac.uk

